parameters such as the cell occupied surface [SI, [9] have been used in this case for approximate estimation of cell size and cell density, but these methods do not provide precise morphological information for individual cells.
In this paper, we present a new automatic method for the recognition of cancerous tissues, based on morphological segmentation and shape analysis of cells, even if they overlap one another. Our approach can be divided into several well-defined stages, presented in Fig. 1 . After acquisition, the image is first segmented in order to isolate the interesting parts and remove noise and undesired components. Next, the feature extraction process is applied, to extract the useful information from the segmented objects, and finally the classification can be operated according to the characteristics extracted by the previous stage. Each of these steps will be presented in the next sections.
Before going into the details of the method, Section I1 will give some information about the major cytologic characteristics of normal and malignant cells, in order to specify the criteria of malignancy to consider. The acquisition, segmentation, feature extraction and classification tools developed will be described in Section 111. Section IV will present and evaluate experimental results and Section V will discuss some specific points about this method. Finally, some conclusions will be drawn in the Section VI.
CYTOLOGIC FEATURES OF NORMAL AND MALIGNANT CELLS
This section deals with the basic concepts of cytopathology. It is not the aim of this paper to expose in details the general pathology and cytology of benign and malignant tumors (more details can be found in [lo] ). The emphasis is more on the main morphological features characterizing cells derived from 0018-9294/96$05.00 0 1996 IEEE normal and malignant tissues, in order to define some criteria of malignancy to be used in an automatic approach of the recognition process.
In contrast to normal and benign cells, which are typically uniform in appearance, malignant cells are characterized by irregular morphology that is reflected in several parameters. Most of the criteria of malignancy are seen in the nuclei of the cells. However, valuable information can be obtained from the cytoplasm. The nuclei of malignant cells are larger than those of benign cells, vary in size (anisonucleosis) and vary in shape (nuclear deformity). Within cells of the same type and age, the degree of nuclear enlargement is different from one cell to another. The metabolism of a cancer cell is geared predominantly to reproduction and duplication of nuclear material, rather than to cytoplasmic differentiation and function. Consequently, malignant cells tend to have scant cytoplasm. As the nuclear enlargement is not accompanied by similar enlargement of the cytoplasm, the ratio of the area of the nuclei to that of the cytoplasm of the cells, usually expressed as the nucleocytoplasmic ratio, is increased. In the internal structure of the nuclei, the chromatin is irregularly distributed, with areas of clumping and condensation (heterochromatin), whereas other areas show chromatin clearing (euchromatin). Consequently, the chromatin exhibits coarse granularity and irregular clumping, called hyperchromasia.
According to these considerations, it is possible to define several criteria of malignancy of a tissue. In this paper, the following criteria will be studied: nucleocytoplasmic ratio, anisonucleosis, nuclear deformity, and hyperchromasia. Fig. 2 shows the image of a malignant pulmonary tissue where these four criteria are visible. A general method for the extraction of a numerical value for each of these criteria of malignancy will be explained in the next section. With these values, it will be possible to build a classifier to automatically propose a diagnosis, in order to help the physician to decide whether the observed tissue is cancerous or not.
MATERIALS AND METHODS

A. Origin and Acquisition of the Images
In this study, every image is obtained by biopsy, using the same tissue processing and acquisition method, briefly described below. We have tested the method presented in this article on a experimental set of 83 images, coming from two different organs: lungs and digestive tract.
Each biopsy specimen is transferred from the biopsy forceps to a glass slide with a fine needle and then delicately rolled onto the slide so that an imprint of all sides of the specimen is obtained. This technique is called touch cytology [ 111 and provides samples that are richer in cells than those obtained with aspiration or brushing. The samples are air-dried. A rapid fixation and staining method is used ( M + D + Quick, MerzDade AG, Dudingen, Switzerland). This method is similar to the classic May-Griinwald-Giemsa stain and takes 15 s. The slide is dipped for 5 s in three staining solutions, rinsed with water, and allowed to air-dry.
The technical equipment used for the image acquisition included a high quality optical microscope, a high-resolution CCD BTW camera and an acquisition hardwarehoftware system, running on an UNIX workstation. Every image was acquired with 256 grey levels, with a magnifying factor of 60 on the microscope, under immersion. Manual corrections were operated on the contrast and intensity in such a way that the digitized image became visually acceptable for further manual classification by a specialist. No other filtering was operated. The final resolution of the images was 0.16 pm per pixel. Notice that in this range of magnification, our shape analysis process is independent of the magnification factor, since all the measured values will be normalized according to the size of the objects. This point will be detailed later.
B. Segmentation of the Nuclei
As indicated above, the major features of malignancy are related with the nuclei of the cells. It is therefore essential to operate a segmentation of the image, to isolate the nuclei from the rest of the image, i.e., from the cytoplasm, and from some other undesirable elements coming from the cytopreparation.
When looking at a typical section image (Fig. 2) , it can be seen that the nuclei are large dark spots, when the cytoplasm is globally light, but with some small dark dots, excluding a simple thresholding to separate the nuclei from the rest of the cells. Moreover, there are other entities than just the nuclei and the cytoplasm, such as white or red corpuscles, or elements coming from the preparation of the microscopic section.
Several segmentation methods have been proposed in the literature, such as edge detection, hierarchic thresholding or two-dimensional (2-D) histogram threshold (see for example [12] - [15] ), but they do not take a specific characteristic of the nuclei into account: their shape. We propose an other approach, better suited for shape analysis, which is mainly based on mathematical morphology. Morphological tools are first developed to remove the background noise from the image and to operate a segmentation of the nuclei of the cells, next to analyze the shape and the size of these nuclei and then to evaluate their texture. In the next subsections, the main morphological operators will be briefly introduced, followed by a description of the segmentation process of the nuclei. In the next sections, the method for extracting a numerical value for the four concerned criteria of malignancy will be presented.
1) Mathematical Morphology: Mathematical morphology provides an approach to the processing of digital images which is based on shape. Appropriately used, Mathematical morphological operations tend to extract their essential shape characteristics and to eliminate irrelevancies [ 161. The language of mathematical morphology is that of set theory [ 171. Sets in mathematical morphology represent the shapes which are manifested on binary or grey tone images. The set of all the black pixels in a black and white image (a binary image) constitutes a complete description of that binary image. Sets in Euclidean 2-space denote foreground regions in binary images. Sets in Euclidean 3-space denote grey scale images. In this paper, we will only describe the grey scale morphology, since all the treated images are grey scale.
The four basic operations of mathematical morphology are dilation, erosion, opening and closing. Another useful operator is the morphological reconstruction. We will briefly define each of these operators hereafter. As these notions are generally well known, we will not go into the details of the definitions. A more complete theory of mathematical morphology can be found in [161-[191.
The dilation of an image f :
The erosion of an image f : F ---f C by a structuring element k :
The mathematical properties of these two operators are extensively presented in [ 161, as well as those of the following operators. Let us note that in many applications the structuring element is chosen flat, i.e., k ( z ) = 0 bfz E K .
In practice, dilations and erosions are usually employed in pairs, either dilation of an image followed by the erosion of the dilated result, or image erosion followed by dilation. These operations are respectively called closing and opening. In either case, the result of iteratively applied dilations and erosions is elimination of specific image details smaller than the structuring element used. For example, opening an image with a disk structuring element smooths the contours, breaks narrow isthmuses, and eliminates small islands and sharp peaks or capes. Closing an image with a disk structuring element smooths the contours, fuses narrow breaks and long thin gulfs, eliminates small holes, and fills gaps on the contour. The opening of an image f by a structuring element
Of practical significance is the fact that image transformations employing iteratively applied dilations and erosions are idempotent, that is, their reapplication effects no further
changes to the previously transformed result. Idempotence can be considered as a criterion for the accuracy of the representation and transcription of visual material. Moreover, the functionality of morphological closings and openings corresponds closely to the specifications of a signal by its bandwidth. Morphologically filtering an image by an opening or closing operation corresponds to the ideal nonrealizable bandpass filters of conventional linear filtering: further ideal filtering does not alter the result. Fig. 3 illustrates the opening of a three-dimensional (3-D) function by a square structuring element. On this figure we can see the morphological filtering effect: all the objects smaller than the structuring element have been eliminated, while the large objects still remain. However, their shape has been altered, clearly showing the shape of the structuring element. The next operator, called reconstruction, will solve this problem.
As we have seen, the shape of the objects in an image is altered by an opening or by a closing. The aim of the reconstruction is to recover the original shape of these objects from the opened or closed images, while keeping the morphological filtering effect. The notion of reconstruction is closely related to the recent notion of Morphological Geodesy, first introduced by Lantukjoul [20] - [22] . Let us first define a geodesic dilation.
The I-size geodesic dilation of an image f by a structuring
is defined by
The image Y is called the geodesic mask and k is a usually very small (for instance a 3 x 3 pixels square in a 8-connectivity digital space or a five-pixels rhomboid in a 4-connectivity digital space). When handling with grey scale images, the intersection operator is to be understood as the minimum operator.
The n-size geodesic dilation of an image f by a structuring
With these definitions, it is now possible to give a strict definition of the reconstruction.
The reconstruction of an image f , conditionally to an image Y , is the geodesic dilation until idempotence. Let i be the value from which the idempotence is obtained. Hence, the reconstructed image, denoted Ry, is defined by
As indicated above, when the original image is taken as the geodesic mask Y, the reconstruction allows to recover the exact shape of the objects, keeping the morphological filtering effect, as illustrated in Fig. 4 .
These morphological operators will be the basic tools used in the method built to recognize cancerous cells in the image of a microscopic section. The next section describes this method.
2) Segmentation: In this paper, the following convention is adopted: as the background of the image is light and the objects are darker, we consider that the grey level is zero for a white pixel and grows to the maximum value for a black pixel. All the following descriptions will be made according to this convention. The segmentation process is presented in Fig. 5 . The first operation is an opening of the image by a large flat square structuring element, close to the size of the nuclei. As indicated above, the result of this operation is a morphological filtering effect: all the elements smaller than the structuring element disappear, or are roughly lighted. Thus its size has to be chosen according to the magnification factor used during the acquisition of the image. The only constraint is that it has to be large enough to eliminate all the nonnuclear elements. Fig. 6 shows the result of such an operation on the image of Fig. 2 . Furthermore, the shape of the remaining objects has been altered by the opening, and the square shape of the structuring element comes into sight everywhere in the image. Another choice for the shape of the structuring element, such as a circle, should be more suitable, but is not so easy to implement in a digital space, and above all much slower to execute. Moreover, as it will be explained below, the reconstruction operation will solve this problem. The reconstruction of this image conditionally to the original image is the next step. It allows to recover the exact shape of all the remaining objets while keeping the morphological filtering effect. In Fig. 7 , showing the result of this operation, we can see that the nuclei are completely reconstructed, and that the rest of the image is uniformly light. The next step is therefore evident: a simple thresholding of the reconstructed image is enough to isolate the Result of the opening of the original image of Fig. 2 by a square nuclei, as shown in Fig. 8 . The value of the threshold used here becomes very easy to choose, because of the morphological filtering effect: all the large objects (the nuclei) are uniformly dark, while all the other elements are light. A simple histogram method [13] allows an optimal choice of the threshold value. Let's notice that an opening followed by a reconstruction is equivalent to an erosion followed by the same reconstruction.
In this paper, for reasons of clarity, our description was based on the opening because of the well-known morphological filtering effect of this operator.
C. Feature Extraction I ) Nucleocytoplasmic Ratio:
The first criterion of malignancy is the value of the nucleocytoplasmic ratio: the ratio of the area of the nuclei to that of the cytoplasm. The evaluation of the nuclear area is simply done by counting the number of nonwhite pixels in the image of the nuclei. By this way, we obtain a measurement of the first part of the ratio. The next Result of the thresholding of the reconstructed image: The nuclei step will be the extraction of the cytoplasm from the original image. This part is accomplished as follows. We first operate a difference between the original image and the image of the nuclei, to obtain all the nonnuclear elements. Next, a double thresholding is executed, to remove the background light noise and the dark spots. The resulting image is closed by a small structuring element, in order to uniformize the cytoplasmic area. The result of these operations is an image where we assume that only the cytoplasm is present, without the nuclei and other components. The cytoplasmic area is then evaluated by the same way as we did for the nuclear area, by counting the nonwhite pixels. Finally, the nucleocytoplasmic ratio is obtained by the ratio of the nuclear area to the cytoplasmic area. We have thus a value for the first criterion of malignancy. The next section will deal with the second and the third criterion: the anisonucleosis and the nuclear deformity.
2) Anisonucleosis and Nuclear Deformity: To obtain a numerical value for these two criteria, the main tool is again mathematical morphology. Morphological operators will be used to find the center of each nucleus, even if they overlap one another. With the position of these centers, the anisonucleosis and the nuclear deformity will be evaluated by calculating the distance from the center to the border of the nucleus, in several well-chosen directions.
The first step is thus the detection of the center of gravity of each nucleus. The problem of the partial superimposition of the nuclei is solved by the use of morphological erosions. The image of the nuclei is binarized and successive binary erosions by a very small structuring element are operated. By this way, the different parts of the image tend to separate from each other, becoming smaller and smaller, as illustrated in Fig. 9 .
These successive erosions are repeated in order to obtain the "ultimate eroded," which are the last parts of each object present on the image, before disappearing by the next erosion [22] . The center of gravity of each "ultimate eroded" is the center of each nucleus. Fig. 10 shows the image of the nuclei, with a cross on all the centers of gravity detected by this method. From the position of these detected centers, it is possible to evaluate the anisonucleosis and the nuclear deformity. First, we calculate the distance from the center to the border of each nucleus in several directions (8 or 16 cardinal directions for example). From these lengths, only the so-called characteristic distances are kept. These are defined as follows. A distance is called characteristic if it is smaller than the distance between the center of the considered nucleus and the closest center in a narrow angular sector dO around the considered direction, as shown in Fig. 11 . In this figure, distance d,l is not characteristic because it is bigger than the distance between the center cg, and the center cg,), within the angular sector de.
This technique allows to consider only the distances relative to the considered nucleus, and not the distances crossing several superimposed nuclei. With these distances, we evaluate the anisonucleosis by the variance, on all the nuclei, of the mean value of the characteristic distances of each nucleus, reported to a measure of the mean size of the nuclei. In the same way, the nuclear deformity is computed by the mean value, on all the nuclei, of the variance of the characteristic distances of each nucleus, reported to the mean size of the nuclei. 5 7 9 1 1 1 3 1 5 1 7 1 9 2 1 2 3 2 5 2 7 2 9 3 1 3 3 
The last criterion of malignancy to be treated is the hyperchromasia. This will be done in the next section.
3) Hyperchromasia: The hyperchromasia can be easily extracted from the image of the nuclei by the well-known Morphological Top Hat Transform [17], [23] , [24] . First, a morphological closing is operated, by a small structuring element. The effect is again a morphological filtering, eliminating the granular texture of the nuclei. This closed image is then subtracted from the original image of the nuclei. The result is an image only containing all the small "spikes" in the nuclei. The hyperchromasia is evaluated by quantifying the importance of these spikes in the resulting image, i.e., the mean value of the spikes over the nuclear area.
In summary, a set of tools has been presented in this paper, based on mathematical morphology. A new deformity criterion has been proposed, called characteristic distances. These techniques allow to extract a numerical value for the four concerned criteria of malignancy. The last step of this work is now to decide, from these four values, whether the tissue is cancerous or not. This problem related to multi-criteria decisions, is investigated in the next chapter.
D. Classification
From the value of these four criteria, we must classify the analyzed image, in order to decide whether the tissue is cancerous or not. Although it is possible to use sophisticated classificators like Vector Quantization [25] - [27] or Kohonen neural networks [28] -[31], we suggest here a more simple method, based on the evaluation of the score of the image, i.e., a number indicating the degree of malignancy or healthiness C,, The maximum value (threshold) of the ith criterion still indicating nonmalignancy. This value is obtained from the maximum value of the zth criterion on a set of training images of noncancerous tissues. A value to be determined experimentally.
Notice that when one of the C, is above the corresponding C,,, and for large values of n, 1 tends to huge values.
With this definition, a value of 1 lower than one indicates a noncancerous tissue, while a value of 1 larger than one indicates that at least one criterion is larger than the healthiness threshold. The score, S, varies from 0% for very malignant tissues to 100% for healthy cells. A score of 50% is the limit between cancerous and noncancerous tissues. The value of n has to be adapted to minimize the error rate in the proposed diagnostic. This value has to be determined experimentally. A large value allows a good separation of the two regions, but the scores are concentrated near 0% and 100%. A small value for n increases the number of classification errors. Notice that it could be possible to refine the classificator by chosing specific n values for each criterion. The interest of this score is that it provides an indication on the degree of malignancy of the observed tissue. 
IV. EXPERIMENTAL RESULTS
We have tested the method presented in this article on a experimental set of 83 images, coming from different biopsies and from two different organs: lungs and digestive tract. First, the results of the feature extraction procedure have been compared to the results of a manual evaluation of the different criteria of malignancy. In this study, an experienced specialist has manually evaluated the four criteria by giving a value from 1 to 3 for each of them (1 meaning that the criteria is not present in the image, 2 that it is slightly present, and 3 that it is very important). Comparisons of this evaluation with the automatically extracted values are presented in Fig. 12 for a set of 35 pulmonary images. We can see a good correlation between the manual and the automatic approach. And even if some errors can occur for an individual criterion, we will see that the classification based on the four criteria gives very good results.
For the classification, the values of n and C,, have been set according to this first data set of 35 pulmonary images. The value of n = 7 has been chosen because this value was the best compromise to minimize the error rate while still keeping a good identification of the degree of malignancy of the tissues. We have then compared the classification obtained by this method with the results of a manual diagnosis operated by a experienced specialist. On the set of 35 images of lungs, with n = 7, we only have two classification errors (image 9 and 27). Except for these, all the cancerous images of this set have a score lower than 50% and all the healthy image have a score higher than this limit. These results are presented in Fig. 13(a) , where the crosses represent images of cancerous tissues and the circles represent images of noncancerous tissues. We can observe a good discrimination between cancerous and healthy cells.
To evaluate the reproductibility of this method, we have then operated the same classification, with the same values of n and C,,, on another set of 20 images of lungs and 28 images of digestive tract. The results show two classification errors in the first case and three classification errors in the second case, i.e., a recognition rate of 90% and 89%. Fig. 13(b) shows this last result.
V. DISCUSSION
The method described here is fully automatic when the different parameters (thresholds) have been set to appropriate values. These values are constant for a given acquisition procedure, when the contrast and intensity corrections have been fixed. For the classification, the determination of the maximum values of each criterion still indicating nonmalignancy is done on a training set of images of noncancerous tissues.
This method has been implemented on classical workstations, and no special attention has been paid to the speed of the algorithms in our implementation. In these conditions, a complete processing, from the acquisition to the classification, takes about one minute.
In this context, it is very easy to extend the method to a classification based on multiple images of the same tissue, as it is normally done by manual methods: the features would be extracted from each image and presented to the classificator, which would have more inputs than described in Section 111-D, but the principle of the method would still remain the same.
VI. CONCLUSION
The problem of shape analysis was investigated in the case of cancer detection. We have elaborated a method to extract from an image of a microscopic section a set of informations relative to the size and the shape of the objects in the image. The main tool used was mathematical morphology. The classification is then operated by calculating the score, which represents the degree of healthiness of the tissue, The experimental results show a good efficiency and reproductibility of this method.
.
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